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1The Edison Family Center for Genome Sciences and Systems Biology, Washington University School of Medicine, Saint Louis, Missouri
63110, USA; 2Department of Genetics, Washington University School of Medicine, Saint Louis, Missouri 63110, USA
In the genome, most occurrences of transcription factor binding sites (TFBS) have no cis-regulatory activity, which suggests
that flanking sequences contain information that distinguishes functional from nonfunctional TFBS. We interrogated the
role of flanking sequences near Activator Protein 1 (AP-1) binding sites that reside in DNase I Hypersensitive Sites (DHS)
and regions annotated as Enhancers. In these regions, we found that sequence features directly adjacent to the core motif
distinguish high from low activity AP-1 sites. Some nearby features are motifs for other TFs that genetically interact with the
AP-1 site. Other features are extensions of the AP-1 core motif, which cause the extended sites to match motifs of multiple
AP-1 binding proteins. Computational models trained on these data distinguish between sequences with high and low activ-
ity AP-1 sites and also predict changes in cis-regulatory activity due tomutations in AP-1 core sites and their flanking sequenc-
es. Our results suggest that extended AP-1 binding sites, together with adjacent binding sites for additional TFs, encode part
of the information that governs TFBS activity in the genome.
[Supplemental material is available for this article.]
Local DNA sequence features influence the activity of transcrip-
tion factor binding sites (TFBS) (White et al. 2013; Dror et al.
2015; Farley et al. 2015; Levo et al. 2015). The specific features
in these local sequences that determine activity remain poorly
characterized. Motifs for additional TFs are often implicated as de-
terminants of activity, but whether additional motifs contribute
additively or cooperatively is largely unknown. For example,
both interacting and independent motifs contribute to the specif-
icity of PPARG binding sites (Grossman et al. 2017). In most cases,
however, these motifs remain unidentified because we do not
know the typical distances over which other motifs contribute to
the specificity of a TFBS.
In addition to motifs for TFs, other types of sequence features
may specify high activity TFBS in the genome. Local DNA shape
contributes to the specificity of homeodomain-containing TFs
(Slattery et al. 2011; Gordân et al. 2013; Dror et al. 2014; Yang
et al. 2017). The presence of particular dinucleotide repeats con-
tributes to activity in other cases (Yáñez-Cuna et al. 2014; Farley
et al. 2015), as does the presence or absence of nucleosome posi-
tioning signals (Lidor Nili et al. 2010). These types of sequence fea-
tures are difficult to untangle as they depend on the local GC
content of DNA, which is itself often correlated with activity
(Landolin et al. 2010; Wang et al. 2012; White et al. 2013).
We have been using the Activator Protein 1 (AP-1) binding
site as a model for studying the sequence determinants of local
cis-regulatory activity. The AP-1 binding site is the most predictive
sequence feature of cis-regulatory activity inK562 cells (Kwasnieski
et al. 2014). Although the “core” AP-1motif consists of seven high
information nucleotides (5′-TGAG/CTCA-3′), the PositionWeight
Matrix (PWM) models of the full sites for AP-1 binding proteins
each contain different low information positions directly flanking
the core. Homodimers and heterodimers of JUN, FOS, ATF, and
MAF protein families bind AP-1 sites and play key roles in prolifer-
ation, apoptosis, and differentiation (Ye et al. 2014). Active AP-1
sites make chromatin accessible for glucocorticoid receptor bind-
ing in a murine mammary epithelial cell line (Biddie et al. 2011).
AP-1 binding sites are also enriched in ubiquitous and cell-type–
specific clusters of DNase I Hypersensitive Sites (DHS) across 72
different human cell types (Sheffield et al. 2013). For these reasons,
AP-1 is considered to be a pioneer, or chromatin accessibility,
factor (Ng et al. 1997).
Although AP-1 is a pioneer factor in many cell types, the se-
quence features that specify AP-1 sites with high cis-regulatory ac-
tivity from those with low activity remain unknown. Interactions
with other DNA-binding proteins likely contribute some of the in-
formation that specifies active AP-1 sites in the genome (Chinenov
and Kerppola 2001; Turpaev 2006; Gao et al. 2009). However, giv-
en a genomic sequence containing a high-scoring AP-1 binding
site, we still cannot accurately predict which sequences will have
AP-1 dependent cis-regulatory activity, even when that sequence
is labeled as an Enhancer or DHS. In this study, we focused on un-
derstanding the contribution of local sequence context to AP-1 de-
pendent cis-regulatory activity in DHS and Enhancer sequences.
Results
Sequence selection and expression quantification in K562 cells
Both local sequence features and regional chromosome properties
contribute to the cis-regulatory activity of TFBS. Here, we focused
on the local sequence contexts that help specify active AP-1
core motifs. Although the AP-1 binding site is predictive of en-
hancer activity in K562 cells (Kheradpour et al. 2013; Kwasnieski
et al. 2014), only half the sequences that are annotated as
“Enhancers” (The ENCODE Project Consortium 2012) and
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contain high-scoring AP-1 binding sites drive high levels of expres-
sion inK562 cells (Supplemental Fig. S1). Thus, the local context of
AP-1-containing sequences must determine, at least in part, their
functionality.
To identify local sequence features that control AP-1-depen-
dent cis-regulatory activity, we selected two sets of previously as-
sayed 130-bp AP-1-containing sequences, most of which are
labeled as Enhancers based on epigenetic marks (Kwasnieski
et al. 2014): 41 sequences that drive low reporter gene expression
(LOW group) and 40 that drive high reporter gene expression
(HIGH group) (Fig. 1A). All 81 sequences contain a high-scoring
AP-1 binding site, and the distributions of motif scores for the
two groups are nearly identical (Fig. 1B), suggesting important dif-
ferences in their flanking sequences. We synthesized up to 130 bp
of genome sequence surrounding each AP-1 binding site, center-
ing the core motif to eliminate any effect of the position. We as-
sayed the cis-regulatory activity of these sequences, and several
variants of each sequence (discussed below) (Supplemental Data
SD1), using a Massively Parallel Reporter Gene Assay (MPRA)
(Kwasnieski et al. 2012; Patwardhan et al. 2012; Kheradpour
et al. 2013; White 2015).
Weconstructed librariesof barcodedAP-1-containing reporter
genes in which four unique barcodes represented every sequence.
After transfecting these libraries into K562 cells, we sequenced
the barcodes from isolated mRNA and normalized those counts
by theDNA counts of each barcode in the plasmid pool. The log ra-
tio of the mRNA/DNA counts is a quantitative and reproducible
measure of the cis-regulatory activity of each reporter gene in the li-
brary (Kwasnieski et al. 2012, 2014). The correlation between repli-
cate experiments in this study ranged between 0.98 and 0.99
(Supplemental Fig. S2A). Expression of the newly synthesized,
130-bp AP-1-centered sequences was
highly correlated with the previously
measured activity of the noncentered se-
quences from Kwasnieski et al. (2014)
(R2 = 0.68) (Supplemental Fig. S2B). We
redefined new HIGH and LOW groups
of sequencesbasedon themedianexpres-
sion of the library. Only five sequences
from each HIGH and LOW group
switched groups after centering the AP-1
site (Supplemental Fig. S2B,C).
The activity of these elements on
plasmids reflects the intrinsic activity of
each sequence in the absence of regional
chromosome effects. These intrinsic ac-
tivities are highly correlated to the activ-
ities of genome integrated reporter genes
and to functional genomic measures of
activity in the genome (Kwasnieski
et al. 2014; Inoue et al. 2017; Maricque
et al. 2017).
Local sequence context specifies
functional AP-1 sites
Most 130-bp genomic sequences con-
taining an intact AP-1 binding site drove
higher expression than their correspond-
ing AP-1mut variants, in which the AP-1
site was inactivated by scrambling three
bases of the binding site (Fig. 1C). The
range of expression for AP-1mut sequences was threefold lower,
suggesting that wild-type sequence activity is highly dependent
on the AP-1 binding site. To narrow down the location of flanking
information that controls AP-1-dependent activity, we assayed se-
quences with decreasing length of the genomic sequences flank-
ing the AP-1 motifs, from 130 bp (∼62 bp per side) to 50 bp (∼21
bp per side) (Fig. 1D). Although activity did regress somewhat to-
ward the mean as the sequences got shorter, HIGH and LOW se-
quences as short as 50 bp retained distinct activities (Wilcoxon
test, P = 1.86 × 10−9) (Fig. 1E). This result suggests that most of
the sequence features that are necessary for high activity of AP-1
sites reside close to the AP-1 core motifs.
To identify features within 50 bp that specify HIGH versus
LOW activity AP-1 core motifs, we took two parallel approaches:
We performed detailed saturation mutagenesis on a subset of
HIGH and LOW sequences, and we performed a broad survey of
5000 additional genomic AP-1 sites located in DHS.
Saturation mutagenesis reveals interacting and independent
features in the flanking sequence
We selected 20 of the 81 50-bp sequences described above for fur-
ther analysis by saturation mutagenesis. We created AP-1mut ver-
sions of each sequence, in which the central AP-1 site was
inactivated. In both the wild-type and AP-1mut sequences, we sys-
tematically mutated each base to every other base, one at a time.
We measured library activity in K562 cells (Supplemental Data
SD2, SD3) with high reproducibility between replicates (minimum
R2 = 0.96) (Supplemental Fig. S3A,B). Based on their activity in this
new library, we reassigned thewild-type sequences into the follow-
ing categories: nine sequences as HIGH, nine as LOW, and two as
MEDIUM (Supplemental Fig. S3C).
Figure 1. Comparison of 41 LOW activity and 40 HIGH activity sequences. (A) Expression distribution
for selected AP-1-containing sequences. HIGH activity sequences (orange) drive stronger expression than
LOW sequences (blue). (B) Distributions of AP-1motif scores for HIGH (orange) and LOW (blue) sequenc-
es. Scores were derived using FIMO (Grant et al. 2011) from the JUNB position weight matrix (PWM) in
the JASPAR database (Bryne et al. 2008) (inset). (C ) Dependency of expression on intact AP-1 binding
sites. Expression driven by wild-type sequences (x-axis) plotted versus expression driven by sequences
with inactivated AP-1 sites (y-axis). Most points are below the diagonal (solid black line), indicating the
importance of an intact AP-1 binding site for cis-regulatory activity. (D) Schematic shows five different
length variants created for each sequence. (E) HIGH and LOW sequences contain regulatory information
near the AP-1 core motif. Box plots for the activities of 40 HIGH (orange) and 41 LOW (blue) sequences
are shown for different length variants. (x-axis) Total length of sequence including the AP-1 core; (y-axis)
expression measured in MPRA assay. HIGH and LOW sequences are significantly different at 50 bp
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We assayed a total of 2565 single-base substitutions flanking
the AP-1 sites across the 20 wild-type elements, of which 32% of
these flanking substitutions caused a statistically significant chan-
ge in activity (Wilcoxon test, P < 3.33 × 10−4). Of the substitutions
that caused a significant change, 35% increased expression and
65% decreased expression, although only 11.3% (3.5% of the to-
tal) changed expression greater than twofold. These effect sizes
are comparable to those observed previously (Melnikov et al.
2012; Patwardhan et al. 2012). When compared to sequences
with HIGH activity, LOW sequences contained twofold more sub-
stitutions that increased expression, suggesting that LOW se-
quences may contain more sites for repressors compared to
HIGH sequences, or that HIGH sequences contain more sites for
activators compared to LOW sequences.
We next examined the results from the same 2565 substitu-
tionsmade in the context of the AP-1mut sequences (Supplemental
Table S1). By testing each substitution in the context of both wild-
type and AP-1mut sequences, we could assess the interaction of the
substitution with the AP-1 site. Substitutions that cause a similar
expression change in both wild-type and AP-1mut sequences
were designated as “independent” (Fig. 2A). Substitutions that
have different effects on expression in wild-type and AP-1mut
sequences were designated as “interacting” (Fig. 2B), because their
effects depend on the presence of an intact AP-1 core motif (for
Figure 2. Saturation mutagenesis of AP-1 dependent elements. (A,B) Results from saturation mutagenesis of an AP-1-dependent sequence: (x-axis) nu-
cleotide position in the element; (vertical gray box) position of the AP-1 core motif; (y-axis) expression of point mutants relative to the parental sequence.
Point mutations were created in the context of either the wild-type AP-1 site parent (blue) or the AP-1mut site parent (red). Substitutions that were not
significantly different fromwild-type are faded. The dashed box in A shows a cluster of mutants that affect expression only when thewild-type AP-1 binding
site is present, and are thus designated as “interacting” substitutions. The dashed box in B shows a cluster of mutants in the first 10 bp that reduce expres-
sion in both the WT and AP-1mut background; thus they contribute to the activity of the sequence “independent” of AP-1. (C ) The spatial distributions of
independent (gray) and interacting (tan) features in the 20 sequences subjected to saturationmutagenesis. Interacting features tend to occur closer to the
AP-1 core motif.
Local sequence determinants of AP-1 activity
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assignment of independent and interacting substitutions, see
Methods). Each substitution represents a disruption or creation
of a sequence feature that interacts withAP-1 to determineAP-1 ac-
tivity, or contributes to enhancer activity independent of AP-1, or
has no effect on activity.
Independent and interacting features tended to occur in dif-
ferent locations relative to the central AP-1 core motifs (Fig. 2C).
Interacting substitutions were more likely to be present within
the 10-bp sequence flanking the AP-1 core, whereas independent
features were enriched further away from the binding site.
When comparing the HIGH and
LOW groups, we found that HIGH se-
quences had 1.6-fold more features in to-
tal than LOW sequences (P = 0.02,
bootstrap analysis) (Table 1). Since se-
quences in the LOW group have low ex-
pression, we expected to find fewer
substitutions that reduce expression fur-
ther. However, HIGH sequences were
more enriched for interacting features
(twofoldmore than LOW) than indepen-
dent features (1.3-fold more than LOW).
Thus, a higher number of features, and
interacting features in particular, might





Our results suggest that features that
determine AP-1 binding site activity are
located in proximity to the core binding
site. These nearby features could repre-
sent matches to position weight matrices
for various AP-1 binding proteins, other
cooperating TFs (Chinenov andKerppola
2001), composite sites (Jolma et al.
2015), or DNA shape features (Dror
et al. 2015; Levo et al. 2015).
We mapped many of the features
identified in the saturation mutagenesis
experiment to motifs for other TFs.
After filtering for positions outside of
the AP-1 core motif at which substitu-
tions caused a significant change in
expression, we asked whether each sub-
stitution created or destroyed a motif in
the JASPARdatabase (Mathelier et al. 2016). To control for spurious
appearance of motifs based on the nucleotide composition of
these elements, we shuffled the expression data and reassigned in-
teracting and independent motifs. We performed the simulation
10,000 times and calculated the probability of eachmotif being as-
signed as independent/interacting by chance.Motifs that included
the AP-1 core were discarded because of inactivation of the AP-1
site in AP-1mut sequences. Thirty-four independent and seven in-
teracting motifs passed this test (P > 0.05) (Fig. 3; Supplemental
Data SD5). In many cases, the evidence for independence or inter-
action of a motif came from multiple sequences.
HIGH and LOW sequences showed differences in the num-
bers of interacting and independent motifs they contained.
HIGH sequences had threefold more (P < 0.01, bootstrap analysis)
substitutions in interacting or independent motifs than LOW se-
quences. Although 33% of the substitutions in HIGH sequences
mutated motifs that showed a genetic interaction with AP-1, we
observed no interacting motifs in the LOW sequences. LOW se-
quences are not refractory to interacting motifs because we identi-
fied several cases in which a substitution created an interacting
motif in a LOW sequence (Table 2).
Interacting and independent motifs also showed the same
positional bias relative to the central AP-1 binding sites as
Table 1 LOW sequences have disproportionately fewer interacting
substitutions compared to HIGH sequences
Reporter activity level Independent Interacting Total
HIGH 135 (1.3) 176 (2) 311 (1.6)
LOW 102 88 190
MEDIUM 11 58 69
Number of substitutions annotated as “Independent” or “Interacting” in
sequences that drive HIGH, MEDIUM, or LOW levels of reporter activity.
HIGH and LOW groups contain nine sequences each, whereas the
MEDIUM group contains two sequences. For the HIGH group, numbers
in parentheses denote fold changes between HIGH and LOW sequences.
Figure 3. Identities and locations of potential independent and interacting TFs: (x-axis) position along
regulatory sequence; (y-axis) transcription factor identity. Each row represents one TF, and points depict
interacting (▴) or independent (•) substitutions under the TF motif at the indicated position on the x-
axis. Colors represent the regulatory sequence in which the TF was present. When multiple TFs with sim-
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individual features (Supplemental Fig. S4). Interacting motifs like-
ly regulate AP-1 specificity through physical interactions with the
AP-1 binding proteins, since they occur within 10 bp of the AP-1
binding site. Our results suggest that cis-regulatory activity of se-
quences with AP-1 sites is also regulated by TFs that function inde-
pendently of AP-1 and occur further away from the binding site.
Selection and expression of 5000 genomic sequences with AP-1
binding sites
In a parallel set of experiments, we measured the cis-regulatory ac-
tivity of 5000 additional genomic sequences containing AP-1 sites
within DHS to identify sequence features that distinguish high
from low activity sequences. We chose 5000 sequences that con-
tain a perfect 7-bp AP-1 core motif: 5′-TGAG/CTCA-3′. Each se-
quence was 50 bp long and resided in a DHS region in the K562
cell line (Thurman et al. 2012). We mutated the AP-1 core in 250
randomly chosen sequences from this set. We assayed anMPRA li-
brary containing all these sequences tagged with five unique bar-
codes each in K562 cells (Supplemental Fig. S5A; Supplemental
Data SD4).
Despite the fact that all 5000 sequences contained a perfect
match to the AP-1 coremotif and that all of the sequences were de-
rived from DHS, we observed a wide range of cis-regulatory activi-
ties among these elements (Fig. 4A). Mutating the AP-1 site
significantly reduced activity in 84% of the sequences, suggesting
that most sequences in this collection have AP-1-dependent activ-
ity (Supplemental Fig. S5B). The median level of expression of the
AP-1mut sequences was identical to that of basal controls
(Supplemental Fig. S5C), demonstrating that activity in these ele-
ments depends on the AP-1 sites. We divided the expression data
from the 5000 AP-1-containing sequences with DHS into HIGH
(above the 80th percentile) and LOW (below the 20th percentile)
groups and attempted to identify sequence features that distin-
guish the two groups (Fig. 4A).
Machine learningmodel identifies positions flanking the AP-1 core
motif as contributing to activity
Onehypothesis is that theAP-1 core by itself is not enough to drive
expression, and specific flanking bases are necessary to recruit AP-1
proteins (Yáñez-Cuna et al. 2012; Gordân et al. 2013; Slattery et al.
2014; Dror et al. 2015; Farley et al. 2015; Levo et al. 2015). We ran
the MEME motif discovery tool (Bailey et al. 2009) on the HIGH
and LOW classes to determine if there were differences in the
flanking bases surrounding these two types of sites. Like other
motif finders,MEME identifies sequencemotifs inwhich positions
contribute independently to activity. The sequence logos
(Schneider and Stephens 1990) derived from the HIGH and LOW
groups are very similar (Fig. 4A) and do not distinguish between
these two classes (Supplemental Fig. S6), suggesting that positions
outside the core motif do not make independent contributions to
cis-regulatory activity. It is, however, possible that correlated posi-
tions outside the coremotif contribute to activity. Collections of k-
mers can capture correlations between positions thatmight escape
detection bymotif finders that assume independence between po-
sitions. We trained a gapped 10-mer Support Vector Machine us-
ing gapped kmer-SVM (gkm-SVM) (Ghandi et al. 2014, 2016) (L
= 10, K = 6, maxnmm= 1) to distinguish the 1000 HIGH and
1000 LOW sequences. The resulting model successfully classified
HIGH and LOW sequences with a cross-validated area under the
precision-recall curve of 0.91 (Fig. 4B). We obtained similar results
with an ungapped 6-mer model and an ungapped 8-mer model
(Supplemental Fig. S7).
Analysis of k-mers from gkm-SVM suggested that the infor-
mation that distinguishes HIGH and LOW sequences resides
directly adjacent to the AP-1 core motif. The highest weighted k-
mers from gkm-SVM tended to flank, or even overlap the AP-1
core motif (Fig. 4C). We then performed an in silico deletion anal-
ysis by replacing 10 bp of sequence with Ns in a sliding window
fashion and retraining the SVM for every in silico deletion. We
found that when removed, the 10-mers that reduced predictive
power the most overlapped the AP-1 core motif. The further a
10-mer was from the AP-1 core motif, the less it contributed to
the predictive power of the model (Fig. 4D). We also trained 6-
mer ungapped SVM models on data in which we systematically
shortened the sequences by removing the positions at the two
ends. Models trained on sequences as short as 12 bp, including
the core motif, retained high power to discriminate between
HIGH and LOW elements (Fig. 4E). These data suggest that
much of the information that determines AP-1 activity resides in
the 10 bp directly adjacent to the AP-1 site.
gkm-SVM predicts effect of mutations on regulatory potential
To assess the predictive power of the SVM trained on the DHS li-
brary, we tested whether the model could predict expression data
from our previous libraries. The SVM successfully separated the
original 81 sequences from their AP-1mut variants (Wilcoxon
test, P = 3.5 × 10−9) (Supplemental Fig. S8A). Although the SVM
was trained on categorical data, HIGH versus LOW, the output
scores of the SVM were a reasonably quantitative measure of the
activities of our original 81 sequences (R = 0.77) (Fig. 5A). The abil-
ity of the SVM trained on DHS data to predict activity in experi-
ments performed on a different library measured in a different
experiment is an important validation of the model.
We also tested whether the trained SVM could predict the re-
sult from our saturation mutagenesis experiments. The model ac-
curately separated sequences with intact AP-1 core motifs from
those containing mutations in the AP-1 core (Supplemental Fig.
S8B). The model also had reasonably good predictive power for
mutations flanking the core site, in regions where themost predic-
tive k-mers reside (Fig. 5B; Supplemental Fig. S9). Change in ex-
pression from wild type due to substitutions in the core motif
and adjacent flanks was also well predicted by change in SVM
score. The model was less predictive for substitutions further
from the core motif, in regions where we detected fewer predictive
k-mers (Fig. 5C). It is likely that the performance of the model
drops because mutations in positions further from the AP-1 core
cause smaller expression changes.
Table 2. Wild-type LOW sequences are depleted for interacting mo-
tifs for TFs
Motifs HIGH LOW MEDIUM
Present in wild-type
Independent 59 (18) 22 (17) 1 (1)
Interacting 29 (3) 0 (0) 10 (1)
Created by substitutions
Independent 20 (14) 15 (11) 2 (2)
Interacting 13 (11) 3 (3) 5 (5)
The number of substitutions that mutate or create a motif for a transcrip-
tion factor in each sequence group is shown. Numbers in parentheses
represent the total number of motifs covered by the substitutions.
Local sequence determinants of AP-1 activity
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Flanking features represent other TF motifs and extensions of the
AP-1 core motif
Our results from saturation mutagenesis (above) suggested that
some of the information being captured by the SVMmodel might
be motifs for other TFs adjacent to the AP-1 core motif.
Alternatively, the SVM might be detecting extensions of the core
motif, some of whichmight be present in the fullmotifs represent-
ed by different PWMs of AP-1 binding
proteins. To address this question, we
quantified the contribution of motifs for
AP-1 binding TFs versus motifs for other
TFs. Starting with the full collection of
motifs in the JASPAR database, we con-
verged on a logistic regression model us-
ing only 28 TF motifs that had nearly
the same predictive power as the trained
SVM models (AUC = 0.9) (Fig. 6A). This
collection contained motifs for several
TFs that directly bind the AP-1 site, as
well as 16 additional motifs that over-
lappedmotifs we identified in the satura-
tion mutagenesis experiments (above)
(Supplemental Data SD6; Supplemental
Fig. S10). The identificationof these addi-
tional motifs in two independent data
sets lends support to the hypothesis that
they contribute to AP-1 activity.
We compared the performances of
gkm-SVM and logistic regressionmodels,
which were trained on the DHS library,
on the saturation mutagenesis data.
SVM scores and probabilities from logis-
tic regression were highly correlated (R2
= 0.69) (Supplemental Fig. S11). Motifs
for TFs that directly bind the AP-1 core
motif accounted for a large portion of
the predictive power of the regression
model. The motif for JUNB, a protein
that directly binds the AP-1 motif, had
reasonable predictive power on its own
(AUC = 0.77) (Fig. 6A), suggesting that
some of the flanking information outside
the AP-1 core motif creates better match-
es to the JUNB motif. Although different
AP-1 binding proteins share the same
core motif, the preferences at positions
flanking the core are different for differ-
ent family members. A model that in-
cludes motifs for six different AP-1
binding proteins (JUNB, MAF::NFE2,
NFE2l2, FOSL1, MAFK, NFE2) performs
better than the model with only the
JUNB motif (AUC = 0.86) (Fig. 6A). This
result shows that specific dinucleotides
flanking the core sitemakeHIGH activity
AP-1 sites better matches to PWMs
for multiple AP-1 binding proteins.
Although the core motif is symmetric,
the flanking preferences for different
family members are asymmetric. HIGH
sites often scored as good matches to
multiple AP-1 bindingproteins in both the forward and reverse ori-
entations, whereas LOW sites often scored well in only one orien-
tation (Supplemental Fig. S12). As a result, the predictive power of
the regression models drops if we ignore the contribution of AP-1
motifs in both orientations (Fig. 6B).
Sequences with higher cis-regulatory activities in our library
were occupied by more AP-1 binding proteins (JUNB, MAFF,
MAFK, NFE2, and FOSL1) (The ENCODE Project Consortium
Figure 4. K-mers that distinguishHIGH and LOWDHS are enrichedwithin 10 bp of the AP-1 coremotif.
(A) Expression distribution for 5000 sequences in DHS regions containing AP-1 sites. (x-axis) Log2(RNA/
DNA) counts for barcodes representing particular cis-regulatory sequences (left). The top 1000 sequences
are annotated as HIGH (orange), and the bottom 1000 sequences are annotated as LOW (blue). Motifs
derived from HIGH and LOW sequences using MEME motif discovery tools (right). (B) gkm-SVM distin-
guishes between HIGH and LOW sequences within DHS. Precision-recall curve for a 10-mer gkm-SVM
model trained on HIGH and LOW sequences (AUC = 0.91). Error bars show standard error from fivefold
cross-validation. (C) K-mers that distinguish HIGH and LOW sequences overlap the AP-1 binding site. (x-
axis) Position of the center of the k-mer along regulatory element in bp; (gray box) position of the AP-1
coremotif; (y-axis) k-mer weight fromgkm-SVM in B. Each point is an individual k-mer, and the size of the
point denotes the number of sequences containing the k-mer. The color of the point indicates whether
the k-mer was found in HIGH (orange) or LOW (blue) sequence. The top 400 k-mers, 200 with positive
weights and 200 with negative weights are shown. (D) In silico deletion experiment also highlights that
most informative k-mers overlap with the AP-1 coremotif. A 10-bp region of every sequence wasmasked
(horizontal black lines), and a 10-mer gkm-SVM model was refit. The x-axis shows the position of the
masked segment along regulatory elements, and the y-axis shows the area under precision-recall curve
from the resulting model. The gray box depicts the position of the AP-1 core motif, and the red line con-
necting the centers of the black bars highlights the trend of AUC values across the sequence. (E)
Specification of HIGH and LOW groups lies within the central 12 bps. Sequences were shortened by re-
moving one base from both ends and a 6-mer gkm-SVMmodel was refit: (x-axis) length of the shortened
sequence; (y-axis) area under precision-recall curve. The red line connecting the centers the points high-
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2012) in their native chromosomal locations (Fig. 6C). Sequences
containing ChIP-seq peaks for five different AP-1 family members
had the highest cis-regulatory activity. In addition, there was no
difference in the quality of JUNBmotifs between sequences bound
by different numbers of AP-1 binding proteins (Supplemental Fig.
S13). This shows that sequences with higher numbers of ChIP-seq
peaks do not necessarily contain a better site for any particular AP-
1 binding protein, but rather that the information flanking the
core AP-1 motif allows binding by multiple homologs.
Sequence features flanking the AP-1 core motif likely have ef-
fects in addition to their effects on the binding preferences for dif-
ferent AP-1 binding motifs. The full model containing motifs for
TFs that do not bind the AP-1 core motif still outperformed the
model with only AP-1 binding proteins. This suggests that HIGH
sequences, in addition to having good sites formultiple AP-1 bind-
ing proteins, also contain motifs for additional interacting and in-
dependent factors. The overlap between motifs that predict
activity of DHS sequences and motifs discovered using saturation
mutagenesis, lends support to this hypothesis. In many cases,
the effect on expression due to creation or disruption of a motif
agrees with predictions from the logistic regression model
(Supplemental Fig. S14).
Discussion
Transcription factor binding sites with high and low activities are
specified, in part, by differences in their genomic contexts. Some
of this contextual information resides near active binding sites
and determines the intrinsic cis-regulatory activity of DNA ele-
ments (Wang et al. 2012). Other contextual information, which
modifies the intrinsic activity of DNA elements, resides further
from the binding sites and includes chromatin modifications, dis-
tally acting enhancers, and chromosome loops (Slattery et al.
2014). Plasmid-based reporter assaysmeasure the local intrinsic ac-
tivities of DNA elements in the absence of regional chromatin ef-
fects. In this study, we used MPRAs to identify local sequence
features that distinguish highly active AP-1 binding sites from
low activity sites. Because we were interested in identifying the
Figure 5. gkm-SVM scores quantitatively predict expression of wild-type sequences and effect of mutations. (A) gkm-SVM classifier trained on HIGH and
LOWDHS sequences quantitatively predicted expression of sequences from the first library: (x-axis) expression of 81 cis-regulatory sequences; (y-axis) SVM
score from the 10-mer gkm-SVM model in Figure 4B. (B) gkm-SVM classifier trained on HIGH and LOW DHS sequences accurately predicted the effect of
substitutions in the AP-1 coremotif and 2 bp flanking the AP-1 core tested in the saturationmutagenesis library. Data for substitutions in one sequence (Chr
3: 128734834–128734883) are shown: (x-axis) expression of sequences containing one substitution each; (y-axis) SVM score from10-mer gkm-SVMmod-
el in Figure 4B. Themodel predicted loss in expression fromwild-type sequence (black) when the substitutions aremade in the AP-1 core (orange), and the
effect of substitutions in 2 bp flanking the AP-1 site (red). Most substitutions outside of the core +2 bp flank (blue) have high expression and are not well
predicted by the SVM. (C) Predictive power of the gkm-SVMmodel is inversely proportional to the absolute distance from AP-1 binding site. Substitutions
from all 20 sequences in the saturation mutagenesis library were grouped by their distance from the AP-1 binding site: (x-axis) distance of the group of
substitutions to the AP-1 core motif center; (y-axis) correlation coefficient between change in expression and change in SVM score compared to wild-
type sequence for all substitutions in a group.
Figure 6. AP-1 sites that bind multiple AP-1 binding proteins in forward and reverse orientations drive high activity. (A) A logistic regression model with
additive terms for motifs matches for 28 TFs can distinguish between HIGH and LOWgroups of DHS AP-1-containing sequences. Precision-recall curves for
models with PWMs for 28 TFs (black, AUC = 0.9), six AP-1 PWMs (JUNB, MAF::NFE2, NFE2l2, FOSL1, MAFK, NFE2; blue, AUC = 0.86), and JUNB (red, AUC
= 0.77) are shown. Error bars denote standard error from fivefold cross-validation. Motif matches in both orientations were included. (B) Ignoring orien-
tation information of motifs reduced the predictive power of logistic regression models, especially for a model with JUNB alone. Precision-recall curves for
models with PWMs for 28 TFs (black, AUC = 0.89), six AP-1 PWMs (blue, AUC = 0.84), and JUNB (red, AUC = 0.64) are shown again. (C) Expression of DHS
sequences containing AP-1 sites in MPRA is correlated with genomic binding of AP-1 TFs to those sequences. (x-axis) Number of peaks observed in total in
five ChIP-seq experiments (JUNB, MAFF, MAFK, NFE2 and FOSL1) (The ENCODE Project Consortium 2012); (y-axis) observed log2 (RNA/DNA) counts of
cis-regulatory sequences. Expression distributions for sequences with three or more ChIP-seq peaks were not significantly different from each other
(Wilcoxon test, Bonferroni-corrected P > 0.05); all other distributions were significantly different from each other.
Local sequence determinants of AP-1 activity
Genome Research 177
www.genome.org
 Cold Spring Harbor Laboratory Press on February 13, 2018 - Published by genome.cshlp.orgDownloaded from 
flanking information that specifies high activity sites, we used an
experimental design in which we compared groups of sequences
with identical AP-1 coremotifs, but with different intrinsic cis-reg-
ulatory activities.
Our study indicates that local sequence features within 50 bp
often distinguish high from low activity AP-1 sites. In most cases,
these sequence features reside within 10 bp of the AP-1 coremotif.
Elements with high activity AP-1 sites contain a high density of
nearby TFBS, in particular, they containmotifs for TFs that depend
on an intact AP-1 site for activity. These observations are consis-
tent with a model in which extensive cooperativity between TFs
underlies the specificity of cis-regulation in the genome. This
cooperativity may result from direct protein–protein interactions
between TFs, from indirect interactions mediated through con-
tacts with the transcriptional machinery, or through cooperative
displacement of nucleosomes (Mirny 2010; He et al. 2013; Jolma
et al. 2015; Grossman et al. 2017). Many of the interacting TFs
that we found in this study, were previously known to interact
with AP-1 binding proteins (Chinenov and Kerppola 2001), high-
lighting the utility of MPRA methods for identifying interacting
partners for TFs that are less well characterized.
Our results also suggest that nucleotides directly flanking the
AP-1 core motif help specify high activity sites. PWMs for many
AP-1 binding TFs include nucleotides flanking the AP-1 coremotif.
In highly active sequences, the flanking dinucleotides caused core
motifs to score well for multiple AP-1 family members. Our obser-
vations suggest a model in which high cis-regulatory activity de-
rives from the ability of multiple family members to bind a site
in both orientations, which likely increases the overall occupancy
of that site. It also remains a possibility that multiple imperfect
PWMs are a better estimation of the true site for a single critical
bindingprotein. The observation that elementswithhigh intrinsic
activity derive from genomic regions occupied by multiple AP-1
binding proteins supports the former hypothesis. These results
are not unique to the AP-1 family of proteins. Regions bound by
multiple members of the FOX family are more often functional
than regions bound by a single member (Chen et al. 2016).
Different members of the ETS family have been shown to bind
the same consensusmotifs in promoters of ubiquitously expressed
housekeeping genes (Hollenhorst et al. 2007). We speculate that
high occupancy bymultiple family members may be a general sig-
nature of functional TFBS.
Computational models incorporating flanking sequence fea-
tures distinguish between genome sequences with high and low
AP-1 dependent cis-regulatory activity. Inmany cases thesemodels
also distinguish between pointmutationswith strong andweak ef-
fects on cis-regulatory activity. These models are especially useful
for predicting changes in expression due to mutations in TFBS,
which underliemanyof the signals fromhumandisease gene stud-
ies (Hindorff et al. 2009; Maurano et al. 2012; Schaub et al. 2012;
Nishizaki and Boyle 2017). Our experimental approach for discov-
ering interacting sequence features, combined with computation-
al models of high-throughput measurements, will help build
predictive models of TF specificity.
Methods
Design of MPRA libraries
Library 1
We screened sequences tested in a previous study (Kwasnieski et al.
2014) for AP-1motifs obtained from JASPAR (Mathelier et al. 2016)
andUniPROBE (Newburger andBulyk 2009) databases using FIMO
(Grant et al. 2011). From sequences with high-scoring AP-1 motifs
(P < 1 × 10−4), we selected 40 sequences that drove high expression
(2.47–9.41 units normalized to basal) and 41 that drove low ex-
pression (0.58–1.15 units normalized to basal). All 81 sequences
were then centered on the AP-1 site, and flanking sequence was
re-extracted from the genome, if necessary. All sequences were
∼130 bp long.
Wemutated the AP-1 binding site in each sequence by scram-
bling three bases of the motif. Each binding site was mutated in
two to three different ways to create AP-1mut variants. We scanned
wild-type and AP-1mut sequences with all motifs from the JASPAR
vertebrate database to ensure that no new binding sites for AP1 or
other known factors were created in the process. For all the wild-
type and AP-1mut sequences, we designed four versions with differ-
ent lengths: 110, 90, 70, and 50 bp with the AP-1 site maintained
in the center. We also included five sequences that are known AP-
1-dependent enhancers as positive controls in this library (Ney
et al. 1990; Zhang et al. 1993; Zutter et al. 1999; Iwasaki et al.
2006). Twenty sequences from a previous study (Kwasnieski
et al. 2014) that drove expression at uniform intervals were includ-
ed as experimental controls, and 25 empty constructs with no cis-
regulatory elements were included as basal sequences. All 1625 se-
quences were designed with four unique barcodes resulting in a li-
brary with 6500 total number of elements. Library 1 composition
is summarized in Supplemental Table S2.
Library 2
Wepicked 20 50-bp sequences fromLibrary 1 for systematic dissec-
tion, 10 fromHIGHand LOWgroups each. Sequences were chosen
to have maximal differences in expression and AP-1mut/wild-type
ratio for HIGH and LOW categories, but minimal differences in
GC content. We also picked one positive control sequence. For
each of these 21 sequences, we chose an AP-1mut sequence from
Library 1 that drove the least expression among all mutants of
that sequence. We then generated the saturation mutagenesis li-
brary by changing every base to every other base for all selected
wild-type sequences and their AP-1mut variants. About 150
variants were generated for every sequence (3 per bp × 50 bp).
We filtered out any substitutions that created restriction sites im-
portant for cloning the library. The library was designed in two
parts, each containing basal, positive, and experimental controls
as described above. Additional sequences were included in com-
mon to compare the two parts of the library. All sequences were
tagged with four unique barcodes, generating 13,500 sequences
per part. The two parts were treated as independent libraries
through all steps of library preparation and expression measure-
ment. Library 2 composition is summarized in Supplemental
Table S3.
Library 3
We downloaded DHS data for K562 cells generated by the
ENCODE Analysis Working Group (Thurman et al. 2012; The
ENCODE Project Consortium 2012) based on ENCODE Duke
and UW DNase I hypersensitivity tracks. We screened the 150-bp
DNase I hypersensitive regions for perfect matches to the AP-1
core (5′-TGAG/CTCA-3′). Of the 11,742 DHS hits with perfect
AP-1 sites, we filtered out sequences in which AP-1 site was present
within the first 25 bp or last 25 bp. For the remaining 9284 se-
quences, we extracted subsequences so as to generate 50-bp se-
quences with AP-1 in the center. These sequences were further
filtered for restriction sites that would be used for cloning the li-
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distribution of GC contents and selected 5000 sequences. For 250
of these sequences, we mutated the AP-1 binding site by scram-
bling 3 bp of the AP-1 core (5′-TGAG/CTCA-3′→5′-TGAG/CATC-
3′). We also included experimental, positive, and basal controls
as described above. Each sequence was tagged with five unique
barcodes to generate a total of 26,975 sequences. Library 3 compo-
sition is summarized in Supplemental Table S4.
Library construction
All three libraries were synthesized by Agilent Technologies
through a limited licensing agreement. Each oligowas synthesized
as follows: Left Primer/NheI site/Regulatory Sequence/HindIII site/
Filler/XhoI site/SphI site/Barcode/SacI site/Right Primer. The total
length of the oligos ordered was 200 bp for Library 1, 150 bp for
Library 2, and 230 bp for Library 3. Random filler sequence,
when necessary, was added between HindIII and XhoI sites to
make all oligos the same length. All plasmid libraries were con-
structed as previously described (Kwasnieski et al. 2014). The syn-
thesized oligos were amplified with left and right primers, and the
annealing temperatures specified in Supplemental Table S5.
Library 1 was amplified with 26 ng of template in a 50-µL reaction,
whereas Libraries 2 and 3 were amplified with 9 and 15 ng of tem-
plate, respectively. After amplification (multiple replicates) and
PAGE purification, the oligos were cloned into a pGL backbone us-
ingNheI and SacI sites.Multiple ligationswere pooled and purified
with a PCR clean-up kit (NucleoSpin).We transformed the libraries
into 5-alpha Electrocompetent E. coli (NEB) and collected colonies
sufficient to cover the library. We then cloned hsp68 promoter
driving dsRed reporter using HindIII and SphI sites. XhoI site
was used to cut any constructs that did not receive the hsp68 pro-
moter driving dsRed reporter before purification and transforma-
tion into E. coli.
Cell culture and library transfection
Cell culture and library transfections were performed as described
in Kwasnieski et al. (2014). K562 cells were maintained in Iscove’s
Modified Dulbecco’s Medium+ 10% Fetal Bovine Serum+ 1%
non-essential amino acids (Gibco). Plasmid libraries were purified
by phenol-chloroform extractions (2×) followedby ethanol precip-
itation. Then, 27 µg of the library was transfected into K562 cells
by using Neon electroporation system (Life Technologies) in four
replicates with 1.2 million cells each, and 3 µg of pmaxGFP plas-
mid (Ambion) was used as a transfection control.
Expression measurement of libraries
RNA extractions were performed 22 h after transfections using
PureLink RNA Mini Kit (Life Technologies) and followed by
DNase I treatment using TURBO DNA-free kit (Applied Biosys-
tems). First strand cDNAwas synthesized from RNA samples using
SuperScript III Reverse Transcriptase (Life Technologies). Samples
were prepared for RNA-seq as described previously (Kwasnieski
et al. 2014). Barcodes were amplified from cDNA of transfected
plasmids and DNA of the original plasmid pool. Amplified barco-
des were digested with SphI and XhoI and ligated to indexed Illu-
mina adapters. Ligation products were further amplified with
enrichment PCR primers. A single pool was created from equal
amounts of all four cDNA replicates and one DNA sample, which
was then submitted for sequencing. All primers and adapter se-
quences are provided in Supplemental Table S5. We obtained
greater than 1500× coverage across all libraries (Supplemental Ta-
ble S6). We counted the number of reads per barcode and filtered
out barcodes with fewer than 10 reads in the DNA or cDNA pool.
Expression of a barcode was calculated as cDNA reads/DNA reads.
For each replicate, we averaged the expression of all barcodes that
tagged basal constructs to calculate basal expression. Expression of
each barcode was then normalized by replicate-specific basal ex-
pression. Expression between barcodes was highly reproducible
(average R2 = 0.85 for sets of barcodes for sequences in Library 1).
Lastly, to calculate expression driven by a particular sequence,
we averaged expression across all barcodes for that sequence. Ex-
pression values for all libraries are provided in Supplemental
Data SD1–SD4.
Assignment of independent and interacting substitutions
We calculated the effect of each substitution i on expression in
wild-type and AP-1mut parental sequences by calculating the fol-
lowing ratios:
WTi = Expression of i in WTExpression of WT and
MUTi = Expression of i in AP− 1mutExpression of AP− 1mut .
For each expression value, we had about 16 measurements (four
barcodes in four replicates), which enabled us to perform statistical
tests to determine if the expression change due to substitutionwas
significantly different from the parental sequence. Substitutions
that passed a Bonferroni-corrected P-value threshold (Wilcoxon
test, P < 0.05/150) were assigned as significant.
The difference (Δi) between WTi and MUTi was calculated as





Each substitution i was assigned as independent or interacting as
following:
Independent: Δi < 0.4; WTi and MUTi both significantly different
from respective parent, or
Interacting: Δi > 0.5; WTi or MUTi significantly different from re-
spective parent,
where respective parents are wild-type sequence or AP-1mut
sequence.
Assignment of independent and interacting motifs
For each part of the library, we shuffled all WTi and MUTi ratios
while preserving their significance assignment. Shuffled ratios
were randomly assigned to all sequences. We then assignedmotifs
to 10,000 randomized data sets and the true data set as follows:We
created a set of single-base substitution variants that caused a sig-
nificant expression change in either the wild-type parent or the
AP-1mut parent or both. We screened this set, wild-type parent,
and AP-1mut parent sequences for matches to motifs from the
JASPAR vertebrate database. We compared the motif matches be-
tween each variant and its parental sequence and kept the motifs
that were present in only one of them, which were motifs that
were created or disrupted because of the substitution. Next, for ev-
ery single base variant, we filtered out any motifs unique to wild-
type or AP-1mut background so as to eliminate any motifs contrib-
uted by mutations in the central AP-1 binding site. These motifs
were then assigned as independent or interacting based on the un-
derlying substitution. We created a list of independent and inter-
acting motifs and their frequency of occurrence for the true and
the simulated expression data sets. We then calculated the proba-
bility of a motif occurring as frequently or more in the simulated
data set compared to the true data set.
Local sequence determinants of AP-1 activity
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To calculate the statistical significance of fold difference be-
tweenHIGHandLOWgroups for total number of interacting or in-
dependent substitutions and total number of motifs underlying
those substitutions, we performed 10,000 randomizations for
which we randomized the HIGH, MEDIUM, and LOW labels. For
each randomized data set, we calculated the ratio of the total num-
ber of significant features in the HIGH and LOW groups. From the
distribution of ratios, we calculated the probability of observing
the true ratio or higher by chance.
Machine learning
We used the gkmSVM R package developed by the Beer laboratory
(Ghandi et al. 2014, 2016) for learning features that distinguish
HIGH activity AP-1 sites from the LOW activity AP-1 sites. We cal-
culated a kernel matrix with HIGH sequences as the positive set,
LOW sequences as the negative set, word length L = 10, non-
gapped positions K = 6, and maximum number of mismatches
(maxnmm) = 1. We then performed SVM training with cross-vali-
dation. SVM kernel computed with 1000 HIGH and 1000 LOW se-
quences with DHS was used to classify sequences from Library 1
and 2. For Library 2, change in SVM score (ΔSVM score) for substi-
tution i was calculated as SequenceWT score− Sequencei score.
Logistic regression
We used glm function in R (version 3.2.3) to perform logistic re-
gression using transcription factor motifs from JASPAR (Bryne
et al. 2008). We used FIMO (Grant et al. 2011) to scan HIGH and
LOW sequences with all motifs from the JASPAR vertebrate data-
base using default thresholds. Results from FIMO were then sum-
marized in a Sequence by TF matrix, in which each cell
represented the number of matches for a given TF in a given se-
quence. We first built a model with 424 TFs without any interac-
tion terms and filtered out motifs with P > 0.1. For the remaining
54motifs, we iteratively performedbackward logistic regression us-
ing motifs with P≤ 0.05 until all of the remaining motifs had sig-
nificant coefficients. The final model with 28 TFs was fivefold
cross-validated.
Data access
The tabulated barcode counts for every integrated reporter in the
library are provided as SupplementalMaterial. The raw Illumina se-
quencing reads from this study, from which we tabulated the bar-
code counts, have been submitted to the NCBI BioProject database
(http://www.ncbi.nlm.nih.gov/bioproject) under accession num-
ber PRJNA389101 (SRA experiments: SRX2888431–SRX2888434).
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